It has been an outstanding challenge for global climate models to simulate and predict East Asia (EA) summer monsoon (EASM) rainfall. This study evaluates the dynamical hindcast skills with the newly developed Nanjing University of Peer-reviewed version available at Atmosphere 2018, 9, 487; doi:10.3390/atmos9120487 3 indices very well, but the bias in the circulation-rainfall connection caused predicted rainfall errors. The results here suggest that over EA land regions, the skillful rainfall prediction relies on not only model's capability in predicting better summer mean and seasonal march of rainfall and ENSO teleconnection with EASM, but also accurate prediction of the leading modes of interannual variability.
Introduction
Seasonal prediction of the land monsoon precipitation has been an outstanding challenge since 1886 when Indian monsoon rainfall prediction started (Webster 2006) . Over the East Asia (EA) and western North Pacific (WNP) region, the atmospheric general circulation models have notorious problems in simulation of the climatological monsoon trough and subtropical high as well as the subtropical frontal rain belt (Kang et al. 2002) . A particular challenge is that the vigorous monsoon-ocean interaction must be considered in the dynamic simulation and prediction of monsoon precipitation (Wang et al. 2004 (Wang et al. , 2005 .
Seasonal predictions using coupled climate models have been progressively improved by continuous efforts to improve initializations, model physical parameterizations and horizontal and vertical resolutions Tompkins et al. 2017) . Previous studies have shown considerable prediction skills for prediction of the EASM index. However, prediction of summer precipitation using coupled climate models remains at a very low-level of skills, particularly over the EA land region. Striking deficiencies are observed over the South China Sea and WNP region, where considerable model biases exist in both the amplitude and phase of the annual cycle; in addition, its interannual variability is underestimated (Lee et al. 2010 ).
To improve rainfall prediction over EA, multi-model ensemble (MME) predictions have been conducted (Wang et al 2009 , Lee et al. 2015 . Based on evaluation of the MME seasonal hindcasts performed by 14 climate models that participate in the Climate Prediction and its Application to Society (CliPAS) project and 6 models from the DEMETER project, Wang et al. (2009) concluded that forecast of monsoon precipitation remains a major challenge and the seasonal rainfall predictions over land and during local summer have little skill. Lee et al (2015) added downscaling methods to CilPAS prediction data in order to enhance prediction skill but there is no considerable improvement.
Recently, the third version of the Nanjing University of Information Science and Technology (NUIST) Earth System Model (NESM3.0 for short hereafter) has been developed to provide a numerical model for earth system studies, to project future climate changes and to simulate past climate changes, as well to conduct subseasonal-to-seasonal prediction. A historical experiment of the NESM3.0 based on coupled model intercomparison project phase (CMIP) 6 protocol was conducted.
The results showed that the NESM3.0 generally well reproduces the mean state of rainfall, EASM onset date, the leading mode of interannual variability, monsoon-ENSO relationship during mature phase and western Pacific subtropical high (WPSH)-EA rainfall teleconnection over EA.
This study documents the seasonal prediction skills of the NESM3.0 over EA and elaborates and discusses how the significant prediction kill was achieved and what are the possible causes for the deficiencies. Section 2 introduces the NESM3.0 and presents data and initialization methods. In section 3, we discuss how the prediction skill for EASM is improved based on the diagnostic analysis of the temporal and spatial structures of the large-scale dynamic systems. The last section presents a summary. over the equatorial region, and it has 46 vertical layers with the first 15 layers at the top 100 meters. The sea ice model resolution is about 1° latitude by longitude with four sea ice layers and one snow layer on the top of the ice surface. The details of the NESM3.0 is referred to Cao et al. (2018) and Yang and Wang (2018) .
Model
The ECHAM v6.3 and JSBACH model are originally developed at the Max Planck Institute (Stevens et al. 2017) . The convective parameterization is based on the mass-flux framework developed by Tiedtke (1989) and further modified by Nordeng (1994) (TDK, hereafter) . The stratiform cloud scheme contains prognostic equations for the vapor, liquid, and ice phase of water, a cloud microphysical scheme, and a diagnostic cloud cover scheme. The JSBASH land surface model simulates the fluxes of energy, momentum, moisture, and tracer gases between the land surface and the atmosphere.
Major improvement of the early version of the model
The early developmental version of NESM3.0 reproduces reasonably well global energy balance, climatology and major modes of climate variability but it has biases in the climatology over EA and WNP. The model overproduces heavy rain belts over the tropical monsoon trough extending from India to the Philippine Sea.
The model also underproduces major subtropical rainfall over China, Japan and Korea. The northward flow over the eastern China shifted westward and was weaker than the observation. Observed studies revealed that shallow (20-30%) and stratiform (60-80%) clouds occur frequently than deep cloud (20-30%) during summer season (Wen et al. 2016 ) and the contribution of stratiform rainfall to total precipitation amount is about 40-50% (Yang and Smith, 2008) . However, over EA and WNP convective precipitation accounts for over 90% of the total precipitation in the model. This suggests that the excessive precipitation in the model may be mainly attributed to excessive deep convection, particularly in summer; hence it is critical to suppress deep convection and enhance shallow and stratiform clouds for improvement of simulated rainfall over EA.
Given the problems of the early version, we need to improve the model's capacity in simulating realistic EA-WNP summer monsoon while keeping global energy and water balance unaffected. For this purpose, we implemented four modified parameterizations to the NESM3.0. First, a boundary layer depthdependent convective inhibition (INH) was added to the convective scheme to suppress deep convection (Yang and Wang 2018) . The INH suppresses deep clouds when the boundary layer depth is relatively shallow, which can reduce the precipitation over the SCS and Philippine Sea where the earlier NESM3.0 overestimates precipitation. Second, we added a bottom-heavy diffusivity in the shallow convection scheme (SHC) (Yang and Wang 2018) . In the earlier version of the NESM3.0, it is found that vertical mixing between the lower troposphere and the top of BL is insufficient. The modified shallow convective scheme is effective to enhance shallow convection in the lower troposphere. Third, we changed the conversion rate from convective cloud water to rain. This changes increased moisture supply to stratiform clouds meanwhile reduced the amount of convective precipitation. When the conversion rate decreases, less convective cloud water converts to rainfall and thus convective precipitation decreases. The remaining cloud water in the updraft is detrained to the ambient air, which leads to enhanced stratiform cloud. Fourth, the entrainment rates in deep and shallow clouds have been adjusted. An increasing entrainment rate tends to suppress deep convection.
When the convective plume rises up, a large entrainment rate decreases the buoyancy of updraft quickly by enhancing mixing with relatively dry and cold environmental air; th…us cloud development tends to be suppressed. In addition, we tuned cloud cover scheme and cloud microphysics to reduce biases in global energy balance (e.g. SST, short/long wave radiation at the top of Atmosphere). Note that the modified parameterizations do not appreciably change global precipitation climatology and internal modes (e.g., ENSO simulations). 
The data and initialization
The National Centers for Environmental Prediction-Department of Energy (NCEP-DOE) Reanalysis II data (Kanamitsu et al. 2002) are used to represent observed winds and geopotential heights. The observed precipitation data are derived from the Global Precipitation Climatology Project (GPCP) daily data (Adler et al. 2003) . For monthly mean sea surface temperature (SST), we used the National Oceanic and Atmospheric Administration Extended Reconstructed SST (ERSST) version 4 data (Huang et al. 2016 ).
The initialization method used for CLT and MOD is exactly the same, which is a simple three-dimensional nudging method (Kang et al. 2014 For simplicity, temporal correlation coefficient (TCC) is used to evaluate skills of the ensemble mean prediction. The TCC was obtained by calculating the correlation coefficients between the observed and predicted values of given variables during the 30 years of period . We have conducted two hindcast experiments with the CTL and MOD. In addition to the rainfall prediction, we also evaluated the predicted large-scale dynamic structure of EASM, including mean climatology, annual cycle, and major modes of interannual variability, as well as monsoon-ENSO relationship and circulation-rainfall teleconnection. (2009) showed that while the MME prediction has considerable prediction skill score (more than 0.5) over the WNP, the prediction skills over the EA land regions are very low (< 0.2), suggesting that many climate models have no meaningful prediction skills over the continental EA. The CTL prediction shows low skills (< 0.2) over the EA except over the Yangtze River Valley (YRV) and Korea. The TCCs averaged over the EA domain (100-140ºE, 5-50ºN) are merely 0.04. This is mainly attributed to the negative skill over the eastern China Sea, southeastern China, SCS and Philippine Sea. The MOD prediction, in contrast, shows useful TCC scores ranging from 0.3 to 0.7 over the Yew River Valley and Korean peninsula, southeastern China and southern Japan, as well as the Philippine Sea and part of the SCS. It is difficult to predict land monsoon rainfall due to complicate land surface conditions and the atmosphere-land interaction processes. For land EA, the CTL shows very low skill with a TCC of 0.03 but the MOD simulates much higher prediction skill score with a TCC of 0.37. Comparison of the CTL and MOD confirms that the MOD improves seasonal prediction considerably over EA. However, low skills are found over the YRV, Taiwan and eastern SCS. The possible reasons for the deficiency will be discussed in the next section. (1982, 1993, 1997, 2004, 2005 and 2006) , the PCC scores reaches about 0.6. The lowest negative PCC occurred in 2007. We compared the PCC scores during the El-Nino developing and decaying years, respectively (Figure 3) . The CTL has pretty lower or negative skill during ElNino developing and decaying years. On the other hand, the MOD has higher or moderate skill during most of the El-Nino developing and decaying years, suggesting that the improved prediction skill in the MOD may be related with ENSO simulation and its teleconnection with EASM. The details will be discussed in the section 4.3.
Performances on predicted EASM rainfall

Evaluation of predicted climatology and major modes of variability
To find out the reasons for the useful skills and deficiencies of the models'
predictions, we try to analyze and identify the key factors that may influence the EASM prediction. These factors include predicted climatological mean states, the major modes of interannual variability, predicted Pacific SST anomalies and ENSO-EASM teleconnection, as well as the predicted WPSH and associated rainfall anomalies. Lee et al. (2010) demonstrated that the skill for individual coupled models in predicting seasonal precipitation anomalies is positively correlated with its performances on prediction of the annual mean and annual cycle of precipitation.
Climatology
For this reason, we examine the JJA large-scale climatological circulations and precipitation from observation and the models (Fig. 4) . In observation, low-level southwest monsoonal flows prevail from Arabian Sea through India and south Asia to Southern China, while southeasterlies blow from the Philippine Sea across East China Sea to Japan. In the CTL, the southwesterlies from Arabian Sea are simulated well but strong westerlies erroneously extend into the Philippine Sea and the northward flow over eastern China is weaker than the observation. The MOD well produces southwesterlies from the Arabian Sea and the southeasterlies from the western Pacific; but the northward flow over eastern China remains weak. This may induce insufficient northward moisture transport and weak subtropical precipitation. Over EA, the observed major subtropical rainfall is seen over China, Japan, Korea and surrounding seas (Meiyu, Changma and Baiu), which are associated with the quasi-stationary EA subtropical front. Also, there are heavy rain belt over the tropical monsoon trough extending from India via northern SCS to the Philippine Sea. The CTL underproduces the heavy rain belt over India and substantially overproduces heavy rain from the Bay of Bengal to western Pacific; meanwhile, the major subtropical rainfall is weaker than the observation (Fig. 4b) .
The MOD improves considerably the observed patterns of the tropical rain belt except that the heavy rainfall over the eastern Bay of Bengal shifts equatorward. The magnitude of rainfall over subtropical region is increased but still weaker than observation (Fig. 4c) . In sum, the CTL predicts excessive rainfall over the SCS and Philippine Sea and excessively strong monsoon trough over the Philippine Sea, but the MOD largely overcomes this deficiency. Yet, the MOD still underestimates the southerly flow over the eastern China Sea and associated subtropical frontal rainfall.
It is well known that the strength and location of the WPSH and westerly jet are vitally important for the EA rainfall distribution and its seasonal migration (Zhou and Yu 2005 , Zhou et al. 2009 . The observed WPSH (outlined by the isopleth of 5870 m) is over the subtropical Pacific along with strong westerly jet being located along 40N and tropical easterly jet around 10N. In the CTL, the WPSH is weak and the westerly jet is stronger and broader than the observation. In the MOD, the horizontal pattern of the 500 hPa geopotential height is improved (Fig.   4c ). The magnitude of WPSH is comparable with observation except its location is slightly shifted eastward. The observed westerly jet is well represented in the MOD although its magnitude is slightly greater than observation. The results here suggest that the MOD has a potential for better EASM prediction by improved large-scale climatology compared to the CTL.
For skillful prediction of EASM rainfall, it is of preeminent importance to accurately simulate the seasonal transition from the dry to rainy seasons and associated northward movement of the Meiyu-Baiu rain belt (Wang et al. 2017 ). and 2) subtropical band over EA (20N-35N) . The later reflects spring rainy season over southern China. In mid-late May, the two rainfall belts merge together near 10-25N over the SCS. Around mid-June, the rainfall belt originally located at South China continuously moves northward up to 40N and remains there until August.
The CTL predicts the transition of rainfall reasonably well, but tropical rain belt is overproduced while the summer subtropical rain is significantly weaker than the observation. A more severe problem is that the CTL failed to predict northward propagation of rain belt from 25N to 40N. On the other hand, the MOD prediction reproduces not only better tropical rainfall that was overproduced in the CTL, but also better East Asian subtropical monsoon rainfall over north of 20ºN, although the northward migration of the subtropical rain belt remains insufficient during August.
This improvement made in MOD is expected to have a positive influence on the rainfall anomaly prediction over the northern EA.
ENSO prediction and EASM-ENSO relationship
ENSO has been recognized as the dominant source of predictability of EASM, which strongly affects EASM during both the ENSO developing and decaying summers (Fu et al. 1980, Huang and Wu 1989; Wang et al. 2017 ). Reliable seasonal forecast should rely on realistic prediction of ENSO and the EA rainfall and circulation system associated with it. is much lower than the NMME and it is similar with the skill of the lowest dynamic model in the NMME members. The TCC score of the MOD is 0.87 for boreal summer and reaches 0.72 for 6-month lead. The TCC score of the MOD almost the same as the NMME skill, suggesting that the MOD has considerably improved ENSO prediction skill.
It is well known that EASM responds to ENSO differently in the developing summer and decaying summer. To this end, we examine the observed and model predicted EASM-ENSO relationship during the El Nino developing summer and decaying summer, separately. The El Nino developing summer includes 1982 , 1986 , 1987 , 1991 , 1994 , 2004 , 2006 . The El Nino decaying summers are 1983 , 1988 , 1992 , 1995 , 1998 . 
Major modes of interannual variability of EASM
Besides climatology, it is important to see the model's capability in predicting intrinsic modes of interannual variability. We argue that models with better intrinsic modes of interannual variability may improve EASM prediction. To depict the major modes of variability, Wang (1992) suggested multivariate EOF analysis (MV-EOF)
by analyzing a set of meteorological and oceanographic fields. The leading MV-EOF mode can be a good indicator for estimating variability of EASM that has special structures in both precipitation and circulation systems. 
Prediction of EASM circulation index and associated rainfall anomaly pattern
Previous studies have shown that the models have better ability to predict the circulation anomalies over the WNP-EA region, although precipitation anomalies are poorly predicted (Fan et al. 2012 ). Here we examine whether this is the case for the CTL and MOD or not. The variation of the WNP-EASM circulation system is well depicted by the meridional zonal wind shear (vorticity) index defined by 850hPa zonal wind averaged over (22.5-32.5 o N, 110-140 o E) minus that over (5-15 o N, 90-130 o E) proposed by Wang and Fan (1999) . This WF index captures variations of the WNP tropical monsoon trough, the WPSH and associated subtropical frontal zone (Wang et al. 2008) . The strength and location of the WPSH is one of dominant factor for EA rainfall (Zhou et al. 2009b; Wang et al. 2013) and it represents well the leading mode of EASM variations (Wang et al. 2008 ). Figure 9 shows prediction skill score for the WF index. The observation displays that positive (negative) WF index tends to be related with El-Nino decaying (developing) year. The CTL performs poorly in capturing the year-to-year variability with a temporal correlation coefficient (TCC) score of 0.20. The MOD simulates the interannual variability of WF index reasonably well with a TCC of 0.64. This is consistent with the improved MOD performance in predicting the EASM-ENSO relationship (Fig. 7) .
The improved prediction for zonal wind can further enhance WPSH-rainfall relationship. Figure with previous studies (Wang and Fan 1999; Zhang et al. 2003; Li et al. 2012) .
Conclusion and discussion
This study assessed the seasonal prediction skill of the Nanjing University of (Fig. 1) . The diagnostic analysis based on large-scale dynamic structure were carried out to find key processes responsible for better prediction and remaining deficiencies. It is found that the improved prediction is primarily attributed to the improvements in the MOD predicted (i)
climatological summer mean rainfall especially over the WP monsoon trough and the WP subtropical high (Fig. 4) ; (ii) the seasonal march of the subtropical rain belt over EA (Fig. 5) , the ENSO prediction (Fig. 6 ) and the EA rainfall anomalies associated with the development and decay of El Nino events (Fig. 7) . However, the MOD still has notable biases in the predicted leading mode of interannual variability of precipitation. The leading mode captures the dry (wet) anomalies over the South China Sea (northern EA) but misplaced precipitation anomalies over the Yangtze River Valley and along the subtropical front in general (Fig. 8) . The model can capture the interannual variation of the circulation indices very well (Fig. 9 ), but the bias in the circulation-rainfall connection caused predicted rainfall errors. The results here suggest that over EA land regions, the skillful rainfall prediction relies on not only model's capability in predicting better summer mean and seasonal march of rainfall and ENSO teleconnection with EASM, but also accurate prediction of the leading modes of interannual variability, especially the anomalous western Pacific subtropical high (WPSH) and its connections with the EA rainfall. The results here also suggest that the model with better dynamics structure may reproduce better prediction of precipitation over EA. This issue will be studied in the further study.
This study focused on large-scale dynamic structure to reveal which processes is critical to improved prediction. However, other physical processes (e.g. thermodynamic, moisture, land surface feedback, etc.) may all contribute to prediction skill of rainfall over EA. These invite future studies. It would be worthwhile to estimate impacts of each large-scale dynamic features on improved prediction and clearly identify how they contributed to the improvements. But this requires a large set of multi-model ensemble hindcast data. This is another topic for future study. While we have assessed the impacts of the modified parameterizations as a whole on EASM prediction, explanation for how each modified parameterization affects seasonal prediction skill remains difficult. Since many modifications in the physical processes were employed in the model, additional experiments need to be conducted to identify the effects of each modification.
Although notable improvement has been made in the model, there remains large room for further improvement. Previous studies suggested that deficit of cloud physics or convective parameterization in the models results in low prediction skill (Lee et al., 2010; Seo et al., 2015) . The introduction of stochastic parameters in the major physical processes (e.g. convective parameterization, cloud microphysics) can be one of solution to improve parameterization because it is difficult to find accurate parameter values. Also, adapting more advanced initialization methods (e.g.
Ensemble Kalman filter) may increase predictability. These will be the subjects of further study. 
Figure captions
Fig. 10
Regressed JJA wind (arrow), geopotential height (red contour) at 850hPa and precipitation (Shading) with respect to the WF index (defined in Fig.9 ) from (a) observation, (b) CTL and (c) MOD.
